Abstract-In this paper, a human-machine shared control strategy is proposed for the navigation control of a wheelchair, employing both brain-machine control mode and autonomous control mode. In the brain-machine control mode, contrary to the traditional four-direction control signals, a novel brain-machine interface using steadystate visual evoked potentials is presented, which utilizes two brain signals to produce a polar polynomial trajectory. The produced trajectory is continuous in curvature without violating dynamic constraints of the wheelchair. In the autonomous control mode, the synthesis of angle-based potential field and vision-based simultaneous localization and mapping technique is proposed to guide the robot navigating among the obstacles. Extensive experiments have been conducted to test the developed shared control wheelchair in several scenarios with a number of volunteers, and the results have verified the effectiveness of the proposed shared control scheme.
I. INTRODUCTION
R ECENTLY, assistive navigation architectures for intelligent robotic wheelchairs have attracted much attention. In [1] - [3] , semiautonomous control approaches have been employed for human-robot interaction, consisting of sharing or trading control or a combination of both. Among these approaches, the shared control combines command signals from the robot and the human operator which are not mutually exclusive [4] , while the traded control concerns mutually exclusive command from the robot and the human operator [5] . In [6] , a collaborative control mechanism based on the need of assisting the operators was proposed. In [3] , a shared control approach was presented to continuously estimate the intention of the users and decide if the assistance is needed to achieve the user intention, and an implicit user model was proposed to make the execution of tasks adaptable to a specific user. In [7] , an adaptive servo-level shared control scheme was proposed for a mobile assistive robot that aims at assisting the elder and disabled users in a complex environment with obstacles. However, the abovementioned works can only be applied to the situations where people with some motor capabilities can manipulate a wheelchair using traditional physical interfaces such as keyboard and joystick.
Due to the large number of people with different kinds of disabilities, brain-machine control finds many applications and shows great potential. However, the electroencephalogram (EEG) signals have low-spatial resolution and provide only a broad and very noisy overview of the ongoing brain activity [8] . Two typical ways to enhance noisy EEG activity patterns are decoder design and training method optimization, and a lot of brain-machine interface (BMI) studies focus on feature extraction and pattern classification. The features related to a special consciousness task can be expressed in time domain, frequency domain, and spatial domain [9] . The most used algorithms for the EEG feature extraction is the common spatial patterns [10] , independent components analysis, power spectrum, and wavelet analysis. A number of machine learning algorithms are applied in brain-computer interface (BCI) systems as EEG decoders, such as the linear discriminant analysis [11] , multilayer Perceptron [12] , learning vector quantization [13] , neural network [14] , support vector machine [15] , and Bayesian framework [16] . Training method optimization would potentially benefit the spatial resolution. The common procedure of decoder training is to record EEG patterns from the user before using the BCI and train the pattern recognition algorithms, which are then applied in real time, and feedback on the quality of detection is provided to the user. In [10] , moving a computer cursor in two dimensions (2-D) using external visual stimuli scene is the most significant pattern in this field.
The operator can control mouse cursor movement using EEG signals through building the mapping of mu-or beta-rhythm changes with left-hand, right-hand, or foot-movement imagery [9] . In [17] , a hybrid BCI that uses the motor imagery-based mu rhythm and the P300 potential was described to control a brain-actuated simulated or real wheelchair, where the kinematics property of the wheelchair was not considered. However, a more sophisticated control strategy should be developed to accomplish the control tasks at a more complex level, because most external robotic actuators (mechanical prosthetics, exoskeleton manipulator, and mobile manipulators) have more degrees of freedom and are subjected to various holonomic and nonholonomic constrains. One potential weakness of the current brain-machine-based control of wheelchairs is the ignorance of the complete dynamic and kinematic constraints, including nonholonomic and the internal constraints (e.g., actuator saturation, velocity increments, and some of the variables of robotic dynamics), which significantly restrict the motion capability of the robotic wheelchair. To our best knowledge, there are few works that address the problem of brain-machine-based control for the robotic wheelchair incorporating complete constraints based on limited information.
On the other hand, given an initial and a final state, sensorbased navigation for a robotic wheelchair can be formulated as steering the wheelchair to the goal position without known knowledge of the environment [18] , [19] . Lacking the assistance of a global map, local sensory information is utilized in a reactive form for sensor-based navigation approaches, for example, potential field methods [20] , [21] , or vector field histogram (VFH) approach [22] . However, there are few works that address the combination of generating a sequence of smooth, collision-free motion for EEG signals in brain-machine-based control.
This paper proposes a shared control strategy for noninvasive brain-actuated robotic wheelchairs, which employs a combination of a brain-machine control mode and an autonomous control mode. In the brain-machine control mode, different from the previous works using four control signals, a novel BMI is proposed based on steady-state visually evoked potential (SSVEP), which utilizes only two brain states to produce smooth polar polynomial paths and velocity profiles satisfying the various dynamic constraints of a wheelchair. The produced path changes continuously in curvature and satisfies dynamic constraints of the wheelchair. In the SSVEP, the techniques of component selection, spatial filtering, and classification of EEG signals are involved and the canonical correlation analysis (CCA) algorithm is used to classify two brain states. In the autonomous control mode, the synthesis of angle-based potential field (APF) and vision-based simultaneous localization and mapping (SLAM) is proposed to guide the robot to navigate among the obstacles. With the assistance of two control patterns, the experiments have been performed by a number of able-bodied volunteers and verified the effectiveness of the proposed shared control scheme.
II. SYSTEM DESCRIPTION
An overview of the developed wheelchair system with two differentially driven wheels is shown in Fig. 1 , which is equipped with an industrial computer (Intel 2-core processor and Windows XP system), a built-in motor control unit, a vision camera, a laser range finder, and an NuAmps device. The laser sensor named SICK (a company in German) with range finder (scanning range 20 m, maximum scanning angle 270
• , and scanning frequency is 25/50 Hz) is used to collect environment information and to build the environmental map. The vision localization is undertaken by the Microsoft's Kinect visual RGB-D sensor (horizontal view 57
• , vertical view 43
• , and the depth range from 1.2 to 3.5 m) to detect features in environments. The Kinect sensor includes three cameras, one is RGB camera which is used to get color pictures, and the other two are depth cameras used to get 3-D information of the environment. The NuAmps device (Compumedics, Neuroscan Inc., Australia) with 40-channel is used to collect the brain signals of the operators and obtain the intention of a human. An on-board computer reads the multiple sensor information and implements multisensor data-fusion techniques, and is also connected with the DX CAN-bus system on the wheelchair to communicate with the motor drivers, which drive the motors on the wheelchair. By using these devices, the on-board computer can obtain real-time information of range, vision and intention, and implement visual localization and navigation behavior.
III. KINEMATIC AND DYNAMIC MODELING OF WHEELCHAIR
The schematic of the developed wheelchair can be illustrated in Fig. 2 . The body coordinate frame o b x b y b is fixed at the middle point of the real axis W , the x b axis is on the main axis of the wheelchair, and W denotes the reference point of the trajectory. The dimensions of the wheelchair are denoted by the width L 1 and the length L 2 , and the distance between the two rear wheels is L w . Conventionally, the configuration of the robot R can be described by three generalized coordinates q = [x, y, θ] T in Cartesian space and the signed curvature can be written as Without wheel slipping, it is easy to haveẋ = υ cos(θ),ẏ = υ sin(θ),θ = ω, which can be described by the velocities of the left and right wheels (υ L and υ R ) as
. Using the translation and rotation velocities, κ can be written as
where the sign of κ is positive when the curve turns clockwise and negative otherwise. If the wheelchair turns at fixed velocities, it is easy to know that the trajectory of the wheelchair follows a circular trajectory with the radius r = υ/ω. As shown in Fig. 2 , the external forces F xb and F yb produce the forward motion and circular motion, respectively, m is the mass of the wheelchair, a is the actuated acceleration, g is the gravitational acceleration, and F zb is the ground reaction force, which can be described as
Under the assumption that there is no sliding, the following constraints produced by the friction force can be written as follows:
where μ is the friction coefficient between the wheel and the ground. Considering (3) and (4) together with the bound on the torque (or force) F max applied by the motors on the wheels, it yields a constraint on the feasible acceleration
Since the maximum velocity υ max depends on the rotational speed of the wheels, the velocity υ is constrained by the requirement that the square root in (5) should be nonnegative, we have
In addition, due to the actuators capability, the angular velocity is limited as follows: 
IV. POLAR POLYNOMIAL TRAJECTORY (PPT)
To satisfy the dynamic constraints, a PPT connecting the initial position and the final one in the polar coordinates instead of the Cartesian space can be described as
where a i denotes the polynomial coefficient, ψ i denotes the angle between the two line segments.
Accordingly, the curvature can be rewritten in the form of polar polynomial as
It is straightforward to write the speed of the robot moving along a PPT as υ(t) =ψ r 2 +ṙ 2 (10) whereψ = dψ dt . Motivated by the pioneer works in [23] - [25] and [26] , a PPT is used to connect two line segments tangentially. As shown in Fig. 3 , Ω is the circular center of the arc (denoted by a dashed line) formed by the two lines. Furthermore, we can establish a polar frame with the origin Ω and the polar axis Ω(r). The initial configuration of the curve is p 0 = (r 0 , 0) and the final configuration is p 1 = (r 0 , Ψ), where r 0 is called the initial and/or final radius/radii. Then, we have the six constraints of position, tangent (orientation), and curvature, for example, r = r 0 ,ṙ = 0, κ = 0, at ψ = 0, and Ψ, together with (8) and (9) . A fifth-order polar polynomial can be generated as
where various polar polynomial trajectories can be generated by different values of Ψ; moreover, the maximum range value of a PPT is r 0 (1 + Ψ 2 /32) and occurs at ψ = Ψ/2. From (11), we can obtain a velocity profile, which is used as the trajectory of the wheelchair. Define the initial speed of the wheelchair as υ 0 and the duration of the motion along the curve as T , and the initial and final speeds are chosen as υ 0 . Then, if dψ/dt is a constant, we have its velocity profile as
where T can be obtained as
by substituting the derivative of (12) Consider the velocity constraint (6) and the maximum velocity (13) along the curve. The following constraint can be presented under the velocity profile designed in (12) as
From (9), (10), and ω = υκ, we have
Because max(υ(t)) occurs at ψ = Ψ/2, and max(κ(t)) occurs at ψ = Ψ/2 for Ψ ≤ 1.2π, (1 +ṙ 2 −rr r 2 +ṙ 2 ) is a function of ψ and Ψ without r 0 . Considering that the constraint (7) holds, we have
V. BRAIN-MACHINE INTERFACE

A. BMI: Protocol and EEG Acquisition
The SSVEP is characterized by a positive deflection in the EEG amplitude at a latency elicitation time. The amplitudes are correlated with fatigue of the user and to the saliency of stimulus (color, contrast, brightness, etc.). This potential is always present as long as a user is attending to the process and its variability among users is relatively low. BMIs based on this potential have been used for patients for long periods of time in various assistive applications.
The electrical component of brain activity was acquired by the Neuroscan 40-channel digital EEG recording system, which collected and transformed data by using TCP/IP-based client/server communication. The EEG signals are amplified by the Neuroscan NuAmps (dc amplifier) with a sampling rate of 500 Hz and bandpass-filtered between 0.5 and 100 Hz. The ground electrode is located on the forehead and the reference electrode (Cz) is positioned on the brain top. The main six electrodes located on the motor area (O1, O2, Oz, P3, P4, and Pz) are taken to extract EEG signal's features. All impedances of the electrodes are maintained below 5 kΩ. To ensure the stable signal collection, we used one PC computer as the server responsible for EEG collection and transmission. The client PC computer was responsible for processing offline EEG signals and showing feedback information. According to communication status, the server PC sent EEG data to the client PC. Then, the client PC executed preprocessing, feature extraction, and classification.
B. Graphical Interface
The developed graphical interface is shown in Fig. 4 , which can achieve the following functionalities: 1) to demonstrate the offline training process and trigger the SSVEP for the subjects; in the offline training, the user attends to stare one of the visual stimuli; in the online implementation, the SSVEP detects the elicited potential in the EEG; and 2) to provide the subjects with the functionalities to brain actuated control of the wheelchair, building global map, and visual information feedback of the environment.
1) Visual Display: In both operation modes (automatic navigation mode and BMI exploration mode), the visual display interface shows an augmented reality based on building map of the environment. The reconstruction map displayed a set of landmarks and geographic information, arranged in the same coordinate system through the visual-based SLAM method. In the automatic control mode, a set of obstacles was detected in a polar referenced in front of the robot, for example, in Fig. 4 . In the BMI exploration mode, an individual visual stimulus represented by a flicked diamond is displayed on the monitor.
2) Stimulation Process: A visual stimulation process was designed to elicit the SSVEP. Two flicked diamonds on the monitor represented clockwise and anticlockwise directions from left to right in Fig. 4 . Flashing of stimulus was accomplished by flashing each option individually and generated two stimulation signals.
All the visual aspects of the elements shown on the visual display (color, shape, size, and location) could be customized for equilibrating the users' capabilities and preferences with the performance of the system.
C. Feature Classification
As a nonparametric multivariable approach, the CCA can reflect well the underlying correlation between two sets of multidimensional variables. Through a pair of linear transforms of the two sets, the maximum correlation can be found in two sets. Therefore, the correlations between stimulus frequencies and multichannel EEG signals can be measured by the CCA, which is dependent on the existence of the same response frequencies as the stimulus frequency and its harmonics. We utilized the technique of pass-band filter and a 50-Hz notch filter to process EEG signals at first. 1-s vectors of data were extracted after each stimulus for each EEG channel and these segments of data were then filtered using the passband by a factor from 8 to 30 Hz.
Assume that there exist K stimulus frequencies, i.e., f 1 , . . . , f K , then the correlation coefficients between stimulus frequency f i (i = 1, . . . , K) and EEG responses can be calculated. Then, two sets of signals are used as input into the CCA, where one set is the EEG signals X recorded from different channels with a time window of S sample points and the other set is the stimulus signals y i composed of sinusoid and cosiness pairs at the same frequency of the stimulus and its harmonics, which can be described as
, where f is the base frequency, T is the number of sampling points, and S is the sampling rate.
Consider the multidimensional variables of X and Y i , and their linear transformations x = X T W x and y i = Y T W yi , the weight vectors W x and W y i can be found to maximize the canonical correlation of x and y i through solving the following problem:
The maximum of ρ, which corresponds to the maximum canonical correlation between X and Y i , is taken as the recognition basis for stimulus frequency f i (i = 1, . . . , K). When CCA is performed separately on each stimulus frequency f ii (i = 1, . . . , K), and the respective maximum correlation coefficient ρ f i is obtained, the target with stimulus frequency of f target can be judged by
D. BMI Control Strategy
In this paper, given the initial position and the goal positions, the wheelchair is required to move between the two positions; the trajectory to be followed by the wheelchair should be as smooth as possible without zigzag. As demonstrated in Fig. 3 , if the wheelchair moves in the direction ψ in (8) in the polar coordinate shown in Fig. 3 , a much more efficient 2-D control can be generated. The steering angle of the wheelchair will be decided by the mind of the operator extracted from his/her EEG signals. Let α(k) ∈ {1, −1} represents the intentional direction of steering extracted from human operator's EEG signals, where 1 stands for "clockwise" and −1 for "anti-clockwise." In this manner, the steering angle of the wheelchair is given by where ψ(k) denotes the wheelchair angular position at the kth sampling time, T is a fixed sampling interval, andψ is a constant rotation velocity, which is chosen according to individual subjects training performance and α(k) is chosen as either 1 or −1 according to the operator's intention. The polar radii r(ψ) can be obtained by (8) , then the wheelchair forward speed υ(t) and rotational speed ω(t) can be calculated using (10) and (15). In addition, the limits of ψ(t) can be properly chosen in the BMI control mode such that the violation of dynamic constraints will not happen.
VI. AUTONOMOUS CONTROL STRATEGY
In the autonomous control mode, the wheelchair needs to avoid the obstacle and reach the target position; in this section, we shall present the angle potential field to realize the obstacle avoidance and combine the vision-based localization to obtain the actual position of the wheelchair.
A. Vision-Based SLAM
Since the utilized Kinect sensor can provide the depth maps and color map, the distance between the environment feature and the wheelchair robot can be measured precisely. The system state is described as X k = (x k , y k , z k , m are the coordinates of the ith environment feature or the landmarks. The dimension of this vector depends on N , i.e., the number of landmarks. For example, when the number of landmarks is N = 3, the length of this vector will be 3 + 3N = 12. Fig. 6 shows the 2-D framework and overview of the Kinect sensor-based measurement for mobile robots with the environmental features; the red objects in those pictures represent the environmental features as the landmarks.
Based on the linear velocity V k provided by the wheel encoders at time k, and the heading angle θ K , which can be calculated by the obtained data, the robot motion can be predicted by the following kinematic equation:
where T is sampling time of motion, X k −1 is the estimate of system state, and X k is the predicted state. In the measurement update phase of extended Kalman filter (EKF), the robot uses the environmental features around it to estimate its position. In this work, the environmental features are provided by red cards that are used as landmarks. The images and their depth are acquired by the Kinect camera. The following observation model is defined as:
where z d,k is the depth provided by the Kinect camera, z α,k represents the angle between the robot's heading orientation to the landmark, and z β ,k represents the elevation between the robot and the landmark. If there are j landmarks, we can conversely get j positions of the robot and calculate the average position of them. From (20), we can also obtain the position from the wheel encoders, thus we could synthesize the positions obtained by the landmarks and the encoders such that the accuracy of the robot's position can be improved.
B. Angle Potential Field
A SICK laser rangefinder is fixed on the front of the wheelchair, which can provide angular readings for 180
• rotation. The range readings are arranged in a counterclockwise manner with the direction of the first beam along the x b axis in Fig. 2 .
As shown in Fig. 5 , D b is defined as maximizing the detected distance of laser scanner, the area of semicycle is the detected area, ρ P is the distance of obstacle point of P , and θ p is the angle of obstacle point P . The minimum safety distance is denoted by D s , determined by the width of wheelchair, and it is satisfied by the precondition of D s = L 1 /2. To ensure safety of the subject, there also exists impulse force in the region from α to β as follows:
The force function F r of P at the angle of θ is obtained as
The force function F r can be defined as
The attraction function F g can be defined as
where Λ is proportional coefficient
where F p (θ) denotes the resultant force, then the potential field value can be defined as the maximum value as
where θ opt represents the optimal directional angle and it is corresponding to the maximum value of (26) . Then, consider the following control inputs as:
where λ is the proportional coefficient, L w is the distance between two rear wheels. Considering the maximum limit, we have
VII. SHARED CONTROL STRATEGY
The proposed shared control framework includes two control modes: brain-machine-based control and autonomous control. As shown in Figs. 7 and 8 , both the signals are collected by the shared control module, and the allocation weight for each control input in the shared control module is illustrated for a shared control strategy based on the human and autonomous control inputs. Inspired by [1] , [7] , and [27] , but different from these previous works, the EEG control signals have been merged in the share control framework, the shared controller can be formulated as
where
T is the output of the BMI control and
T is the output of the autonomous control, and ρ 0 is the allocation weight with domain 0 ≤ ρ 0 ≤ 1. Let the feasible BMI control be set as O h and the feasible autonomous control set O r , respectively. There are four relationships between O h and O r that apply to real situations of the developed wheelchair. In Fig. 8 , we can see that o s is a point on this segment passing through o h and o r . The set for points on this closed line segment can be defined as
If O r ∩ O h = ∅, the feasible set of the BMI and the feasible set of autonomous control do not intersect. This situation may occur when the wheelchair does not detect the danger or obstacles. This situation will happen and may cause collision. Therefore, the subject could adjust direction in advance. Thus, we choose ρ 0 = 0 to let the subject control the system.
If
, when lots of obstacles are detected by the wheelchair, it is difficult for the operator to find a feasible control to achieve both goals. Therefore, only through assigning an allocation weight ρ 0 , the shared control signal is able to compensate for the user's deficiency and achieve both goals. If If O h ⊂ O r , the feasible set of BMI control is a subset of the feasible set of autonomous control. The BMI control cannot only achieve the goal but also avoid obstacles. Therefore, we simply set ρ 0 = 1 to choose the autonomous control.
Remark 7.1. Due to the convex feasible sets of each control input, there is only one value on both the boundary of the feasible set O r or O h and the closed segment line of o s . Therefore, we can use ρ h = R h /L rh and ρ r = R r /L rh to obtain the two parameters ρ r and ρ h and R h , R r , and L rh are defined in Fig. 8 . Then, we define ρ 0 = 1 2 (ρ h + ρ r ), which means that ρ o lies in the stable range and also has some margin to guarantee stability.
VIII. EXPERIMENT VERIFICATION
Three able-bodied subjects (two males, one female) in the age range of 24-30 years (Male: 24 and 25 years, and Female: 30 years) were selected to participate in our experiments. None of them has any knowledge of the BMI-controlled wheelchair. The subjects received an explanation of the experiment in advance. They operated the wheelchair from a start point to a goal point through the shared control. In this paper, the chosen goal position is dependent on the navigation distance. For testing the system, we choose different movement distances in every experiment and thus the goal position is different each time.
First, each subject was asked to perform an offline BMI training in a quiet room. The subject is sitting on a comfortable chair and staring at the stimulated indicators. The EEG signals were sampled at a period of 512 Hz and 800 data samples per period were analyzed to produce EEG recognition results (RR). To test EEG recognition accuracy of a particular subject, we define a list of known commands as the true result (TR) and ask subjects to stare at the corresponding stimulated indicator, and then recorded and analyzed the EEG recognition result. The EEG recognition accuracy is defined in the following equations as EEGRecognition = T R RR × 100. The subject is not supposed to proceed to the next step unless their EEG recognition accuracy is more than 80%. The offline EEG recognition accuracy is shown in Table I . The recognition accuracy of all subjects is in the level of 100%, except that the subject experiences worry or nervousness, which has influence on their EEG signal. As shown in Table I , the Use Recognition (UR) of subject 3 is 95.7% and 88.9%. To verify these proposed approach algorithms, four experiments are conducted: 1) visual-based SLAM experiment; 2) shared control experiment; 3) shared control experiment with long distance; 4) shared control experiment with fast speed. The first experiment is used to verify the performance of the SLAM in the experiment shown in Fig. 9 . The later three experiments are used to verify the effectiveness of the shared control strategy. Experiments 2 and 3 are performed by the subjects. Considering the safety of the subjects, who are not familiar with the system operation, we select the maximum speeds for the BMI controlled wheelchair and autonomous control speed as 0.3 and 0.2 m/s, respectively. Consider a skilled driver, in experiment 4, the maximum speeds are selected as 0.4 and 0.3 m/s for the BMI-controller mode and the autonomous control mode, respectively. Fig. 9 shows the experiment environments including nine landmarks. To evaluate position errors through sensor measurement, the wheelchair is circumferential running around the center of field. In Fig. 10(a) and (c), the reference trajectory is produced by wheel encoders, the estimated trajectory by landmarks is the position of the wheelchair, which is estimated by the known landmark, the EKF-based trajectory is the trajectory produced by fusing wheel encoders and landmark. We can see that landmark-estimated trajectory is not continuous due to no landmark detected by the visual sensor or the detected error. From Fig. 10(a) and (c), we can see that the multisensor fusion trajectory is with better performance compared with the ones using a single sensor. The average position errors are within 0.04 m, although some peak value is 0.12 m due to strong light. Totally, the position errors are less than the average position error 0.12 m described in [7] . From the results, we see that the proposed SLAM can achieve better performance for the localization of robot. Finally, the building map is shown in Fig. 10(d) .
A. SLAM Experiment
B. Shared Control Experiment
In this experiment, the subject needs to control the wheelchair along with the predefined route to reach the goal position and avoid obstacles by using the shared control system. Besides, the experiment could be accomplished without any collision; otherwise, the subject needs to repeat. In Fig. 11 , when the wheelchair is close to the obstacle, the angle potential field would expel the wheelchair away from the obstacles. When the wheelchair is near a T-form way, the allocation weight ρ 0 by the share control would decrease nearly at 0 in Fig. 12 , and the subject mainly controls the wheelchair to move to intentional direction. When the wheelchair goes straight and close to obstacles, the shared controller would calculate the allocation weight ρ 0 and send command to the wheelchair, and the value of ρ 0 mainly around 0.6. The autonomous mode would take over the control of wheelchair and the BMI controller mainly decides mandatory orientation selection. When the wheelchair is near obstacles, the weight ρ 0 would increase to make the wheelchair avoid the obstacle. Fig. 12 shows the dynamic evolution of the allocation weight. We can see that the translational speed is within the range of 0.11-0.15 m/s in consideration of untrained driver. Moreover, the speed of the wheelchair can be improved based on the subject's experience. Fig. 13 shows the running speed of the wheelchair in the automatic mode in experiment 2. Figs. 14 and 15 show direction changing and running speed in the BMI mode of wheelchair in experiment 2.
C. Shared Control Experiment With Long Distance and Fast Speed
The subject drives the wheelchair using EEG signals for a longer route more than 40 m and the maximum speed is within the range of 0.1-0.3 m/s. For a skilled driver, we choose the maximum speed as 0.4 m/s in the same experiment, the width of pass way is 1.5 m and the width of the wheelchair is 0.62 m.
D. Experimental Analysis
In this paper, to evaluate the performance of our experiments, Table II lists the performance baselines. The baseline of the BMI is the recognized rate beyond 85% in the outlined experiment. The high recognition accuracy can guarantee the subjects to complete the control task in the shared control experiment. The Table I means that the wheelchair hit the obstacle and the subjects have to give up the experiment. The slight in 2 means that the wheelchair just rub the obstacle. The number of trials, collision, and arrival times are all baselines. The number of trials denotes the times of subject trained to be familiar with the system operation. Each subject is required to complete the drive successfully two times at least. If a subject fails five trials for the first instance, we would change the chosen parameters. The experimental data of three subjects are shown in Table III . The speed range of subject 1 was chosen as 0.1-0.3 m/s. After five training experiments, subject 1 can complete the experiment successfully and arrived the goal position four times. The speed range of subject 2 was chosen as 0.1-0.4 m/s. Since subject 2 is familiar with the operation, after only one training, subject 2 is able to complete the experiment successfully and the maximum average speed was 0.21 m/s and the maximum distance was 121 m, and the subject arrived at the goal position seven times. Subject 3 has no experience about the system operation and needs five training, the maximum speed was chosen as 0.4 m/s in the subsequent three experiments. Subject 3 had successfully completed the experiment twice. From these experiments, we see that even if the subjects have no knowledge about the system operation, after several trials, they could be skillful for the operation of the wheelchair, and for the primitive subjects, low speed should be chosen to guarantee motion safety.
In order to make the comparison with only the BMI control or the autonomous control, we have chosen two subjects (subjects 4 and 5) to conduct the comparison experiments. These two subjects are not familiar with either the system operation or the experimental scene. In the BMI control experiment, subject 4 always concentrated on stimulus interface to control the direction and as he worried about whether any possible collision could happen and was easily fatigued, which would cause more collisions. Therefore, as shown in Table III , there was a large number of collisions occurring in the experiments. Moreover, the experiments were performed with lower speed and shorter distance. In the autonomous control by subject 5, since the experiment environment was complicated, there were many local minina in the artificial potential field. Therefore, only the APF navigation would lead to trapping the local minina. From Table III, we can see that the subject failed to fulfill the navigation task due to local minina.
To show the robustness which refers to the capability of a system that can handle various obstacles including static and dynamic obstacles, the experiments with dynamic obstacles had been conducted. During the wheelchair's navigation, if a person suddenly appeared, the wheelchair easily avoided the person moving, which is due to the share control strategy switching to autonomous control.
IX. CONCLUSION
In this paper, a shared control strategy has been developed for human cooperation wheeled chairs, which employs a novel BMI and autonomous navigation. A novel BMI is proposed based on the SSVEP, which utilizes two brain states to produce smooth polar polynomial paths and velocity profiles satisfying various dynamic constraints of the wheelchair. Motion safety and collision avoidance using angle potential functions and visual-SLAM are achieved by adjusting the robots velocity in the presence of limited information, sensor uncertainties, and robot dynamics. The experiments have been verified by the effectiveness of the proposed shared control scheme. In future work, the performance can be definitely improved by: 1) development of more precise and fast SLAM techniques, which will improve the capability of environment sensing and lighten human burden; 2) development of global navigation functions, which eliminate the local mininals and can reduce the training procedure for subject; 3) designing different strategies for the selection of ρ 0 .
